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ABSTRACT

More than 100 million Americans have diabetes or prediabetes (29 and 84 million, respectively). Factors such as
overweight, sedentary behavior, and history of diabetes in the family have been commonly associated with the onset
of type 2 diabetes. Extant literature now points to the effect of socio-economic factors such as education, income,
ethnicity, and physical location on the prevalence of the disease. This research aims to investigate the impact of social
determinants on diabetes with a particular emphasis on the digital divide. We used data from the Centers for Disease
Control and Prevention (CDC) for diagnosed diabetes prevalence, obesity prevalence, and leisure time physical
inactivity data for the year 2013 by county. We contrasted the diabetes prevalence data against social factors such as
race, educational attainment, income, poverty, unemployment, and digital divide obtained from the US Census Bureau
data. Used bivariate, multivariate and regression analysis reveals a statistically significant relation between the
prevalence of diabetes and digital divide, race, education, income and unemployment rate, obesity prevalence, and
leisure time physical inactivity (P<0.000). Overall, the results demonstrate the significant role of the digital divide in
influencing chronic conditions such as diabetes.
Keywords: Social determinants of health, digital divide, diabetes, population health
INTRODUCTION
Chronic diseases are the leading causes of death and disability in the United States driving the nation’s $3.3 trillion in
healthcare expenditure every year (CDC, 2018). Diabetes is one of the life-threatening chronic diseases not only due
to its prevalence but also due to its negative social and economic effects on the people who are affected. Type two
diabetes is the most common form of diabetes and results when the body no longer responds to insulin or does not
produce enough of it to maintain normal glucose levels. Approximately, 90%-95% of people with diabetes have type
2 and prediabetes can develop into type 2 but not type 1 (CDC, 2020). People with diabetes are highly prone to heart
disease, stroke, kidney disease, eye problems, dental disease, nerve damage and foot problems (What Is Diabetes?,
2016).
Social determinants of health (SDOH) comprise of social and economic conditions involved in shaping the health
status of individuals and communities (Marmot, 2005). SDOH include social and economic variables such as, but not
limited to, access to education, access to health information, job opportunities, access to transportation, access to
health services, ethnicity, age, social support from family and friends and income. SDOH are slowly being recognized
as potential variables in shaping individual’s health. Although every socio-economic factor is important, the digital
divide tend to be a bridge between the socio-economic factors and the health status, the digital divide is often used to
explain the lack of access or decreased access to information technology (IT). The digital divide can be of different
forms such as access to broadband internet connection, access to laptop or smartphone, and access to health
information.
Prior research suggests that socioeconomic factors show a significant effect on diabetes among other chronic
conditions (Southerland et al., 2018). With the prominence of the digital divide as a factor that plays a key role in the
maintenance and management of health and wellness (Lustria et al., 2011), the objective of this research is to extend
prior research related to the social determinants of diabetes to particularly focus on the role of digital divide in diabetes
prevalence. The findings of the research extend the understanding of the role of the digital divide in health and
wellbeing with a particular focus on diabetes prevalence. Further, the findings inform public policy regarding the
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importance of addressing the digital divide in the quest towards the increased utilization of information technologies
for improved health and wellbeing.
The remainder of the paper is organized as follows. Section II provides a brief background and highlight related
research exploring the social determinants of diabetes and signifying the importance of investigating the effect of the
digital divide and other SDOH on diabetes prevalence. Section III describes the research methodology while section
IV presents the results obtained from the empirical analysis. Section V discusses the key findings obtained from this
research and how the results complement extant literature. The final section concludes the paper with a summary of
key findings, limitations, and directions for future research.
LITERATURE REVIEW
The social life of a person plays a key role in determining the degree of susceptibility, risk of exposure, course, and
outcome of a disease irrespective of the type of disease. Socio-economic factors are no longer viewed as secondary
factors affecting the health of an individual, but as the primary research focus of today’s health perspective
(Cockerham et al., 2017). The health and wellbeing of an individual or a population are interdependent on a broad
number of socio-economic factors, these various types of factors are, but not limited to: natural environment,
macrosocial factors (ideologies, political and historical conditions), inequalities (wealth and employment
opportunities), built environment (public resources available and transportation), social context (policies, enforcement
of ordinances and regulations), stressors (crime rate, safety, neighborhood and housing conditions), health behaviors,
social integration and social support (Schulz & Northridge, 2004). Some studies have argued that there is a direct
causal effects on health by social factors along with the biological factors and demonstrated that the biological factors
alone are not enough to control and remedy the disease (Cockerham, 2007).
Studies show a strong relation between socio-economic factors and the prevalence of diabetes in the United States and
elsewhere (Whiting et al., 2010). The most frequently cited factors are age, educational level, job status, neighborhood,
poverty level, race, and income (Tol et al., 2013; Walker et al., 2014). Interventions to control obesity would be more
promising when the social environment at a community level (neighborhood) is addressed along with the direct factors
(Cohen et al., 2006). Educational attainment is another important factor which has a potential influence on health
disparities especially educational participation and academic performance (Jackson, 2009). Some studies
demonstrated that unemployment or precarious work conditions have negative effects on health and wellbeing
especially in younger people (Vancea & Utzet, 2017). Other studies investigated the causal effects of income on health
conditions and found strong evidence suggesting a causal relationship between income inequality and health and
wellbeing (Pickett & Wilkinson, 2015). Racism is a system of social stratification when combined with other socioeconomic factors, influence the population health and wellbeing (Williams et al., 2016).
Further, the digital divide appears to play a key role in affecting the health status of an individual (Wyatt et al., 2005).
The most common attributes that can be employed to measure digital divide and its effect on the health and wellness
include the availability of Internet access or subscription, access to or ownership of a computer or laptop or mobile
device, usage of Internet for health information purposes, and e-healthcare usage (Chang et al., 2004; DenizardThompson et al., 2011; Powell et al., 2003; Sarkar et al., 2011). Despite the importance of the digital divide as a social
determinant of health, there is apparently no research that explored the relationship of such factor on the prevalence
of diabetes. This represents a significant research gap given the prominence of IT-based initiatives for the selfmanagement of diabetes (El-Gayar et al., 2013) as well as the increasing role of IT in the promotion and support for
health and well-being through disease prevention and the promotion of healthy lifestyles. Accordingly, this research
aims to investigate the impact of the digital divide (among other social determinants) on diabetes prevalence.
RESEARCH METHODOLOGY
The methodology employs univariate and bivariate analysis for performing multiple linear regression by considering
socio-economic factors, health risk factors, and digital divide as independent variables and diabetes prevalence as the
dependent variable. The significant impact of socio-economic factors, digital divide, and health risk factors on diabetes
prevalence is evaluated based on the p-values obtained for each independent variable when fitted with multiple linear
regression. The following sections describe the underlying datasets used in the study and provide a detailed account
of the analysis procedure.
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Dataset Description
Diabetes prevalence, obesity prevalence and leisure time physical inactivity data by each county dataset were retrieved
for the year 2013 from the CDC. US Census Bureau data was obtained using American Fact Finder (AFF) tool, all
the datasets retrieved from AFF are based on the American Community Survey (ACS) one-year estimates for the year
2013 by county. A total of eight datasets were selected from the US Census Bureau using AFF, namely Median Income
In The Past 12 Months, Percent Of Households With A Broadband Internet Subscription, Types Of Computers In
Household, Educational Attainment, Poverty Status In The Past 12 Months, Race, Hispanic Or Latino Population and
Employment Status.
The diagnosed diabetes prevalence, obesity prevalence, and leisure time physical inactivity data for the year 2013 by
each county in United States was obtained from the CDC. The data was associated with data on the social factors:
race, income, education, internet subscription, access/ownership of laptop or computer or mobile phone, and
unemployment for United States counties with a population of more than 65,000 obtained from the US Census Bureau
for the same year 2013. The educational attainment variables were condensed into four variables namely “Education1”
(Total; Estimate; Population 25 years and over - High school graduate or below), “Education2” (Total; Estimate;
Population 25 years and over - Some college or associate’s degree), “Education3” (Total; Estimate; Population 25
years and over - Bachelor's degree) and “Education4” (Total; Estimate; Population 25 years and over - Graduate or
professional degree). All the data sets are merged based on the federal information processing standard (FIPS) code
used to uniquely identify counties.
Analysis
Data cleaning was done by removing entries with missing values from the data and all the attributes were standardized
for processing. Outliers were treated by using z-scores, where any county with z-score greater than 3 or less than -3
was considered an outlier and removed. Regression analysis was employed to identify and understand the most
important predictor variables that contribute to the accurate prediction of the prevalence of diabetes. Bivariate, and
multivariate analysis were used to verify the assumptions for linear regression.
Bivariate analysis was relied on the skewness, kurtosis, correlation matrix and scatterplots to explore normality, multicollinearity, and linearity, respectively. Using the correlation matrix and the correlation heat map, a value of
correlation coefficient zero indicated no multi-collinearity between the predictor variables while a value of 0.8 and
over indicated significant multi-collinearity between the predictor variables. Scatter plots were plotted for each
variable in the dataset against the prevalence of diabetes (dependent variable). Based on the results obtained from the
scatterplots and the correlation matrix, we removed highly correlated variables and variables which were not linearly
related with the target variable. Skewness and kurtosis values were computed for each predictor variable. Logarithmic
transformation and square root functions were employed to suppress extreme values. Variables having unusual
skewness and kurtosis values after the treatment were deemed to fail the normality test and removed from the analysis.
Multivariate analysis was carried out to further verify multi-collinearity among the predictor variables using Variance
Inflation Factors (VIF). Usually, if the value of VIF is one, then multi-collinearity does not exist among the predictor
variables and as the value increases, the collinearity between the predictor variables increases. A VIF value of ten and
over, indicates a definite multi-collinearity between the predictor variables, so we set the threshold value to be eight
to allow for minimal collinearity between the predictor variables. Finally, homoscedasticity assumption was validated
using Breusch-Pagan test.
Multiple linear regression was carried out on the resultant dataset using ordinary least squares (OLS). The
identification of the significance of socio-economic factors and health risk factors assumed a significance level of 0.05
(95% confidence interval). Fit was assessed using the adjusted R2.
RESULTS
The studied data consisted of 769 counties in the United States with 19 predictor variables and 1 target variable. Table
1 shows the descriptive statistics of the of the data. Figures 1 and 2 show the scatterplot results and correlation heat
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map results from the bivariate analysis. Figure 3 depicts the dependent variable (Diabetes Prevalence) by state with
size of the block associated by Digital Divide (Household percentage of broadband subscription).
Two variables were dropped from the dataset, based on the results obtained from these plots. The variables broadband
percent and computer ownership were highly correlated to each other and their scatterplot with diabetes prevalence
were nearly identical, therefore we decided to drop the broadband percent variable. Similarly, Education1 was highly
correlated with computer ownership as well as Education4, therefore we dropped the Education1 variable.
The remaining predictor variables were evaluated for normality using skewness and kurtosis values. American Indian
and Alaska Native population, and Native Hawaiian and other pacific islander population variables had extreme
skewness and kurtosis values even after the treatment. Moreover, the combination of these two races contribute to less
than one percent of the US population. Therefore, these two variables were excluded from further analysis.
The remaining fifteen predictor variables were further tested for multi-collinearity using VIF. The variables White
population and Black or African American population variables had VIF values greater than eight. Instead of removing
these variables, we decided to remove Education4, Asian population and other race population variables due to their
correlation with White and Black or African American population variables and the sparsity of data in the counties
under consideration. The VIF values were computed again for the remaining predictor variables and we found that
there was no significant multi-collinearity problem among the predictor variables. Using the Breusch-Pagan test on
the remaining variables variable indicated that there was no significant heteroscedasticity.
Multiple linear regression was carried out with the remaining twelve predictor variables and one target variable. Figure
4 shows the obtained results from the linear regression analysis when all twelve predictor variables were employed
against diabetes prevalence. The variables computer ownership, education variables, two or more races, and income
were statistically not significant based on the p-values (P>0.05). These results were examined, keeping the extant
literature as reference to find the best set of predictor variables that contribute to the variance in diabetes prevalence.
Table 1. Descriptive Statistics
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Figure 1. Scatter Plot Results

Figure 2. Correlation Heat Map of All the Variables
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Figure 3. Diabetes Prevalence of Each State with Size of the Block Associated by Digital Divide (Household
Percentage of Broadband Subscription)

Prior research shows evidence that the relationship between education and health is less prevalent while the combined
effect of education and income-related variables show increased significance as a social determinants of health (Lynch,
2006). Further, education appears to contribute significantly in explaining income and poverty (Balamurali et al.,
2015) while education and poverty are statistically significant in explaining unemployment rate (Lavrinovicha et al.,
2015; Wiemers, 2014; Zedlewski & Nichols, 2012). Further, since income, poverty and unemployment have moderate
correlation among themselves and striving towards a parsimonious model, we removed education, income, and
poverty while keeping the unemployment rate.
As shown in figure 4, the two or more races variable was not statistically significant. Given that it represented less
than 3 percent of US population, we opted to exclude it from further analysis. According to the US Census, the
Hispanic or Latino population figures contain other races that are identified as such but are Hispanic or Latino
descendants, complicating the interpretation of the findings in the presence of other race variables. Hence, a number
of studies that dealt with social determinants of health, either considered Latino or Hispanic variable or the other race
variables in their final set (Gaskin et al., 2014; Siordia et al., 2012). Along these lines, we opted to remove Hispanic
or Latino variable from further analysis. Moving further towards a parsimonious model and recognizing the correlation
(> 0.7) among the remaining race variables in the data set, we decided to keep the Black or African American while
removing the White population variable. Although Principle Component Analysis (PCA) method could be used to
combine these two variables, it would have been difficult to interpret the results.
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Figure 4. Initial Multiple Linear Regression Results
Multiple linear regression was performed with the remaining five predictor variables (Figure 5). All variables were
significant (P<0.000) with digital divide (computer ownership) exhibiting a negative relationship with diabetes
prevalence, while the rest of the predictor variables had a positive correlation with diabetes prevalence. The adjusted
R2 showed dropped slightly from 0.758 to 0.748.

Figure 5. Final Multiple Linear Regression Results
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DISCUSSION
Figure 3 illustrates that, as the broadband percent increased, the prevalence of diabetes decreased. From the regression
analysis, computer ownership was inversely related to diabetes prevalence. One possible explanation is that the access
to the Internet and usage of a laptop or computer contributes to reducing the prevalence of diabetes by facilitating selfcare, access to health information, promotion of good health and wellness all leading to prevention of diabetes. The
use of the Internet to search for information related to diabetes is gradually increasing (Nordfeldt et al., 2005).
In addition to the digital divide, unemployment rate adversely impacted diabetes prevalence. A probable explanation
is the financial hardship and stress associated with unemployment potentially leading to unhealthy diet and lifestyle
(New Research Shows Unemployment Is Related to Type 2 Diabetes In, n.d.). Both obesity prevalence and leisure time
physical inactivity also demonstrated an adverse effect on diabetes prevalence. Recent studies on diabetes have shown
that both of these factors individually affect diabetes prevalence and also combine with each other to affect diabetes
(Qin et al., 2010).
Most diabetes interventions are focused on glycemic control, obesity control, physical activity, stress and anxiety
reduction as major direct factors when designing a diabetes self-care and self-management intervention. However, the
findings confirm the role socio-economic factors play in diabetes prevalence and thus the importance of accounting
for such factors when designing preventive and treatment interventions. This is in line with prior research that signifies
the importance of social factors in influencing the prevalence of diabetes (Hill et al., 2013). Overall, the findings
confirm the need for stakeholders (healthcare providers, planners, government officials, politicians) to account for and
actively mitigate socio-economic disparities that demonstrably affect individuals’ health and wellbeing. Further, in
this research, we were able to identify and demonstrate the importance of another social determinant of health, namely,
the digital divide. With the increasing reliance on information technology (El-Gayar et al., 2013) for diabetes selfmanagement, recent development in the Internet of Things (IoT), and the ambitious vision for a smart and connected
health, factors such as the digital divide (and in light of the findings of this research) are in effect critical success
factors for the realization of effective IT-based interventions for diabetes self-care and self-management.
CONCLUSION
Socio-economic factors are no longer considered secondary or tertiary factors in influencing health outcomes,
especially diabetes. The digital divide not only plays a key role in influencing the social factors but also the health and
wellness of the population. Similarly, race, obesity prevalence, leisure time physical inactivity, and unemployment
rate prove to be significant influencing factors for the prevalence of diabetes indicating the importance of lifestyle and
social fundamentals in better health care and management. The results indicate the relationship of computer ownership
(as a proxy for the digital divide) with diabetes prevalence. Future studies could further investigate socio-economic
factors (such as access to rich and nutritious food and age) in conjunction with the digital divide. With the focus of
the current research on a subset of US counties, future research could broaden the scope to include other US counties
or countries (depending on data availability). It could also capitalize on the findings and explore the design of diabetes
intervention strategies that accommodate some of the limitations imposed by the presence of such socio-economic
factors. Overall, the efficacy of IT-based diabetes management interventions and the realization of the benefits of a
connected health are inevitably contingent on the proactive mitigation of socio-economic disparities.
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